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Abstract: Decomposition is a conventional optimization method, and the differential evolutionary algorithm is widely

applied in the multi-objective optimization problems (MOP). A novel algorithm—ADEMO/D-ENS which combines the

two algorithms, the adaptive differential evolutionary algorithm and the decomposition with variable neighborhood size,

is proposed to overcome the drawbacks of the classical differential evolution algorithm and the decomposition method.

The approach makes use of the Tchebycheff method to decompose the multi-objective optimization problems into scalar

optimization sub-problems. And the sub-problems are optimized by neighborhood relations among them. The adaptive

selection approach based on ensemble of neighborhood size is used to determine the neighborhood size. Meanwhile, the

probability match adaptive method is used to select differential strategy from the differential strategy pool. Moreover, the

complexity of the algorithm is analyzed. Finally, comparedwith the classical non-dominated sorting genetic algorithms II

(NSGA–II) algorithm and the multi-objective differentialevolution algorithm (MODE), simulation results verified that the

ADEMO/D-ENS approach can deal with the multi-objective optimization problems more effectively.

Key words: decomposition; ensemble neighborhood size; probability matching method; differential evolution; multi-

objective optimization; complexity analysis

1 ÚÚÚóóó(Introduction)
õ8I`z¯K(multi-objective optimization prob-

lems, MOP)��kA�8I,
Ï~*d�m�pÀ

â,�ü8I`zØÓ�´,õê�¹e,õ8I`z

¥,�8I�Uõ�UÚåÙ¦8I5U�eü,Ï

d,õ8I`zØ�U¦¤k8IÓ����`,�

U3�8Im?1�N�ï¿ò¥?n,¦¤k8I

¦�U���`.

©){´?nE,¯K~^��«Ãã,�3

õ8I`z¥vk��2�A^,Ì�kü«�U[1] :

1)T�{=½Â��äN�8I?1`z,Ù¦8I

���å?n; 2)òØÓ�8IÏL���­Ú�/

ª^��àÜ��¼êL�.Cc5,�X+N�U

`z�{�uÐ,�5�õ��^uõ8I`z. ù


�{���k�)¡�Pareto�`)8(PS),T)

8Ú8I�m�Paretoc÷(pareto front, PF)���

ÂvFÏ: 2014−04−28;¹^FÏ: 2014−09−01.
†Ï&�ö. E-mail: liuzhijun2001@163.com; Tel.:+86 13619269681.
Ä7�8: Ê��ÆÄ7]Ï�8(20125853035);I[/9730Oy]Ï�8(20126131890302).
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'[2].�3Nõõ8I`z�¢SA^¥, PF�Cq

I�ûüöÀJ���ª�`k),
�õêMOP�

UkNõ½Ã��Pareto�`�þ. éûüö5`,�

������PF́ ��é¤��¯�.

Zhang�[3]JÑ�«Äu©)�õ8I?z�{,

òõ8I`z¯K©)¤�|Iþ`zf¯K,|^

f¯Km�&EéÙÓ�?1`z,ü$
õ8I`

z�E,5. �
Jp�{�5U,ØÓ�õ8I¯

KI�ØÓ���5�(neighborhood size, NS),$�

,�A½¯K�ØÓ|¢�ãI�ØÓ���5�.

Zhao�[4]�Ñ
��NS8Ü,éz��f¯KÄu

VÇÄ�ÀJ�cf¯K�NS.

�©?z��?z�{���©|,äkk�


r��|¢Uå,�2�A^u�ÆÚó§+�[5–8].

StornÚPrice[9]32001cò�©?züÑd�5�5

«*Ð�10«,Cc5, LampinenÚFan[10]JÑ
�

«n�CÉö��fU?�©�{�5U,qkÆö

�Ñ
�«Äuëê�þ��ÿÀ(��#�©C

N�{,TCN�{U
�Ñ²;�©�{�"

�[11]. Das�[12]ò�©ö��fÚ\âf+�{N�

âf��1�Ý.±þïÄé�©�{�CÉö�?

1
U?,¦�{�5U��
Uõ,�ÀJÛ«�

©üÑÚÜ·���ëêI�²LõgÁ�N�,ù

´��éÑ��¯�.

�â©z[13–16]�g·AN�üÑ,�©JÑ�

«#L��{—–ADEMO/D-ENS,T�{òÄu�

�«+8�©){ÚÄuPMg·A��©?z�{

�KÜ^uõ8I�`z¯K.g·A�©ÀJüÑ

k��Ö
²;�©�{IÑ¤�þ�mÀJT�

�CÉ�fÚ��ëê�¯K,
Äu��«+8�

�{÷vØÓ?z�ãI�ØÓ��«+��¦.

2 õõõ888III©©©)))(Multi-objective decomposition)

2.1 õõõ888III`̀̀zzz¯̄̄KKK(Multi-objective optimization

problem)

õ8I`z¯K���êÆ�.[2]Xe:






















min/max F (X)=(f1(X), · · · , fm(X))
T
,

gi(X) > 0, i = 1, 2, · · · , G,

s.t. hj(X) = 0, j = 1, 2, · · · ,H,

xL
d 6 xd 6 xU

d , d = 1, 2, · · · ,D,

(1)

Ù¥: f1(x), · · · , fm(x)�8I�þ,�1)�þX =

(x1, x2, · · · , xD), X ∈ X, X�÷v�å�Pareto8

Ü(PS),gi(x)Úhj(x)©O�Ø�ª�åÚ�ª�å,

GÚH©O�Ø�ª�åÚ�ª�å�ê, xL
dÚxU

d©

O�1dûüCþ�e.Úþ., D�ûüCþ�ê.

�©=�ÄÃ�åe�õ8I��z¯K.

2.2 ©©©)))���{{{(Decomposition method)

òPF©)¤NõIþü8I`zf¯K��{k

éõ,~^�k�­Ú�{!Tchebycheff�{Ú>.

���{[3] .�,�­Ú�{UéÐ�)ûäkà¡

½]¡Paretoc÷�`z¯K,�%ØU���à(½

�])Paretoc÷�`z);éu8I¼êõuü��

`z¯K,>.���{����`)'Tchebycheff

�{����`)©Ù�þ!,�>.���{I�

��¨vÏf,
`z(J�5Ué¨vÏf��½

'�¯a. ÄuþãÏ�,3�©¥ÀJTchebycheff

�{éª(1)©). æ^Tchebycheff�{é¯K(1)?

1©)ö�,��Iþ`zf¯K�/ªXe:






min g Tch(x/λ, z∗)= max
16i6m

{λi |fi (x)−z∗
i |},

s.t. x ∈ Ω,

(2)

Ù¥: z∗
i = min {fi(x)|x ∈ Ω} , i = 1, · · · ,m, λ =

(λ1, · · · , λm)
T,é¤ki=1, · · · ,m, λi >0,�

m
∑

i=1

λi =

1,éz��Pareto)x∗�3����þλ, x∗´¯

K(2)��`),¯K(2)�z���`)=´¯K

(1)�Pareto�`),Ïdéõ8I`z¯K(1)=�¤

éIþf¯K(2)�`z.

3 CCC������ggg···AAA���©©©???zzz���{{{ (Adaptive dif-
ferential evolution algorithm with ensemble
population size)
Äu©)�{òõ8I`z¯K(1)©)¤N�I

þ`zf¯K,z��f¯K|^Ù��f¯K�&

E?1`z,¿3�c��«+¥ÏéÙ�`),Ï

d��«+��3�{?z¥u�X'��^. ØÓ

�`z¯K�UI�ØÓ���«+,$�Ó��`

z¯K�ØÓ`z�ã�I�ØÓ���«+,'X

�,
)�\ÛÜ�`«��,I������«+

¦ÙaÑÛÜ�`. 8¤ÆSU
k��3�g·A

N��{��ëêÚ�f[17–18],�©3g·A�©�

{¥æ^��NS8Ü,Äu�c�5U�VÇÄ�À

J��«+��.

3.1 ���©©©üüüÑÑÑ(Differential strategies)

ëì©z[1],�©À^4«�©üÑ,Xe¤«,

Ù¥/DE/nonlinear0üÑæ^©z[13]¥�CÉö

��f. 1)/DE/rand/10; 2)/DE/rand/20; 3)/DE/

nonlinear0:

ρ (γ) = γ2ηa + γηb + ηc, (3)

Ù¥γÄu��VÇPinter�),

γ ∈

{

U [0, 2], XJrand 6 Pinter,

U [2, 3], Ù¦,

rand�0 − 1�m�Åþ!©Ù��Åê.
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





















ηa =
xc − 2xb + xa

2
,

ηb =
4xb − 2xc − xa

2
,

ηc = xc,

(4)

Ù¥xa, xb, xc�l�c«+¥�ÅÀJ��N;

4)/DE/current-to-rand/10.

3.2 CCC������ggg···AAA���©©©???zzz���{{{ (Adaptive differ-

ential evolution algorithm with ensemble popu-

lation size)

�½õ8I`z¯K�©)¤«+5��N�I

þ`zf¯K,éz��f¯KiO��Ùål�C

�T���f¯K,¿�T���f¯K|¤�ä(

�,�8ÜT¥����pÕá,f¯Ki|^Ù��

f¯K�&E?1`z,
��«+5�Tl��«

+8¥�VÇÀJ.�½C > 1��«+ê,¿Uì�

�«+5�l����^S|¤��«+ÿÀ³

NSs = {N1, N2, · · · , Nn}, n���«+8����

ê,�N1 6= N2 6= · · · 6= Nn.�VÇÀJz��`z

f¯K���«+,Ð©���«+äk�Ó�ÀJ

VÇ,��pc = 1/n.����«+÷v�{¯�Â

ñ�I�,����«+�Ï�{<ºÛÜ�`. �

�«+ÀJVÇ�#�ªXe:

pc,G =
Sc,g

C
∑

c=1

Sc,g

, (5)

Ù¥:

Sc,g =

G−1
∑

g=G−LP

W sc,g

G−1
∑

g=G−LP

Wc,g

+ε, c = 1, · · · , C; G>LP,

(6)

LP��½�ÆS±Ï, Sc,gL«3cLP�S1c��

«+�)�Uõ)¤Ó�'~,¿�X#)¤õ?\

e��. Wc,g�L3cLP�S1c��«+�)�¤

k)�oê, W sc,g�LcLP�S1c��«+�)

�Uõ)�oê(=¤õ?\e���#)�ê),�

½��~�ε;��UÑy�"VÇ.

æ^13.1!�Ñ�4«�©üÑ|¤�©üÑ

³S = {a1, · · · , aK}±9�Ù�A�üÑÀJVÇ

�þP (g)={p1(g), · · · , pK(g)},�÷v∀g : pmin 6

pi(g) 6 1,
K
∑

i=1

pi(g) = 1,¿�½Ð©ÀJVÇpk =

1/K,Ù¥K��©üÑê, g��cS�gê. æ^

PM�{g·A�#üÑa�VÇpa(g),üÑÀJV

Ç�#Xe[11–12,14]:

pk(g+1)=pmin+(1−K∗pmin)∗
qk(g+1)

K
∑

k=1

qk(g+1)

, (7)

Ù¥qk(g + 1)L«üÑa31g + 1��²��O:

qa (g + 1) = qa (g) + α [ra(g) − qa (g)] , (8)

Ù¥: ra (g)L«31g�,A^üÑa¼��£�, α

�g·AÇ.w,,
K
∑

k=1

pk(g + 1) = 1,�3����

�±ÏS�æ^,�A½üÑ�,=��TüÑ�£

��,Ù¦üÑ£���0,TüÑ�ÀJVÇªC

upmax = pmin + (1 − K∗pmin)�;�küÑ�ÀJ

VÇ�u0,3d�½pmin = 0.05.

�&ÝD�(=üÑ£��)��{k4«[11,15],

�â©z[1]�©Û,�©æ^ExtAbs�{O��&

ÝD�,L�ªXe:

rk (g) = ς∗
k

(g) = max
[

ςs

k
(g)

]

s=1,··· ,|Rk|
, (9)

Ù¥ςs
k (g)�31g�|^1k�©üÑ���1s�

é·AÝ�Uõ�,=

ςs
k (g)=



















fbest

f s
c (g)

∗
∣

∣f s
p (g)−f s

c (g)
∣

∣ ,

XJf s
c (g)`uf s

p (g),

0, Ù¦

(10)

Ù¥: fbest��c«+�`)�·AÝ�, f s
c (g) ,

f s
p (g)©O�1g�f�ÚI��·AÝ�. Rk(g)

=
{

ς1
k (g) , · · · , ς

|Rk|
k (g)

}

�æ^1küÑ31g�¼

��Uõ��8Ü, |Rk|�Rk�³.

3�{?zL§¥,é©)��z���`zf

¯Ki,ÄuVÇpc = 1/nÀJ�cf¯K�����

«+T ,¿O�ålz����þ�C�T��þ,

éi = 1, · · · , N ,��A(i) = {i1, · · · , iT },Ù¥λi1 ,

· · · , λiT ´ålλi�C�T���þ. �â�½VÇ

δ,(½�©ö���Psize.

Psize =

{

A (i) , XJrand < δ,

{1, · · · , N} , Ù¦.
(11)

é«+Psize,�VÇÀJ�cf¯K��©ö�ü

Ñ,é�)�#)y^ª(12)?1?���)ym,

ym,d =

{

yd+ξd ·
(

yU
d −yL

d

)

, VÇ�pm,

yd, VÇ�1−pm,
(12)

Ù¥:

ξd =

{

(2 · rand)
1

σ+1 − 1, XJrand < 0.5,

1 − (2 − 2 · rand)
1

σ+1 , Ù¦,

τÚpm�DEëê, rand∈U [0, 1], yU
d , yL

d©O�1d

�ûüCþ�þe.. eymk��8I�`u®�;

�Pareto�`),òym ^uª(2)Úz∗��#,Kym¤
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õ?\e��;�
�±«+õ�5,;�f�)3

«+Psize¥�õgE�,�½«+�#���nr ≪

Psize,�#«+N ;ª(6)�#��«+ÀJVÇ,ª

(10)O��é·AÝ��Uõ,���&ÝD�rk (g),

ª(7)−(8)�#�©üÑÀJVÇ.����S�g

ê,�{ÑÑParetoCqc÷ÚParetoÓ`).

3.3 EEE,,,ÝÝÝ©©©ÛÛÛ(Complexity analysis)

�|�üS¢D�{(non-dominated sorting ge-

netic algorithm II, NSGA–II)́ �«Äu�|�üS

�{�¯�°=õ8I`z�{,��õ8I`z�

{�`D�L,®�¤õ^uØÓõ8I¯K�`z,

~�^u�Ù¦õ8I`z�'�[2,19].

1) �mE,Ý.

b½ADEMO/D-ENS�{ÚNSGA–II�{äk�

Ó�Ð©«+5�N ,3z�gS�L§¥, ADEMO

/D-ENS�{I�±N�)�SÜ«+,I��;�

m�O(N), NSGA–II�{3�|�üSL§I��

;�m�O(N 2),3P@ålO�L§I��;�

m�O(N),Ïd, NSGA–II�{I��;�m�

O(N 2).w,, ADEMO/D-ENS�{'NSGA–II�{

!�
�þ�m.

2) �mE,Ý.

b½ü«�{äk�Ó�Ð©«+5�N ,3z

gS�L§¥, ADEMO/D-ENS�{Ñ¤�mÌ�

8¥3Ú½2«+�#,¤I�mO(m · NR · N),

NSGA–II�{I�O��m�O(m · N 2),üö¤^

�m'�O(m·NR·N)/O(m·N 2)=O(NR)/O(N),


NR≪N ,¤±3�Ó��^�e, ADEMO/D-ENS

�{�$�'NSGA–II�{$��Ýp.

3.4 ���{{{¢¢¢yyy(Procedure)

ADEMO/D-ENS�{§S¢yÚ½Xe:

Step 1 Ð©z:

Step 1.1 ���ëê,¿�)N���þλi =

(λi
1, λ

i
2, · · · , λi

m), i=1, 2, · · · , N ;Ð©z��«+

ÀJVÇpc =1/n,(½��«+5�NS,O��1

i��þ�C�T��­¢Ú8A(i)={i1 , · · · , iT };

Step 1.2 �)Ð©«+P 0 ={x1, · · · , xN},¿

O��N�·AÝ�FV i =F (xi);Ð©zz∗ =(z1,

· · · , zm), zj = min
16i6N

fj (xi);

Step 1.3 ��üÑÀJVÇpk = 1/K,¬�µ

�ëêq = 0;

Step 2 `z�#:

eØ÷vÊ�5K,

for i = 1, · · · , N, do

Step 2.1 (½�©ö���P ;

Step 2.2 éz��I�Xi ,ÄupklüÑ³¥

ÀJö��f�1�©ö�,�)#)y,¿^ª(12)

éy?�,��)ym;

Step 2.3 dûüCþ��?�ym;

Step 2.4 �#z∗:éz��j = 1, · · · ,m,lP¥

?À���Nk,eg Tch(ym|λ
k, z∗)<g Tch(xk|λk,

z∗),KymO�Î)xk,�#z∗;

Step 2.5 «+�#: ��nr = 0,

1) enr=NR½P��(=I�)vk��#),

KÑÑPS: {x1, · · · , xN}, PF: {F (x1) , · · · , F (xN)},

ÄK,lP«+p�ÅÀJrj;

2) XJg Tch (ym|λ
rj, z∗)6g Tch (xrj|λrj, z∗),

Kxrj = ym, FV rj = F (ym), nr = nr + 1,lP¥

íØrj,£�1).

Step 2.6 dª(7)−(9)�#üÑÀJVÇpk(g);

g = g + 1;

Step 2.7 é¤kNSs,�#Wc,gÚW sc,g
,XJ

mod(g,LP) ==0,dª(5)−(6)�#��«+ÀJV

Çpc;¿éWc, gÚW sc,g­#�0;?\e��LP±

Ï.

Step 3 ÷v�{Ê�OK,ÑÑPS: {x1, · · · ,

xN}, PF: {F (x1) , · · · , F (xN)}.

4 ���ýýý©©©ÛÛÛ(Simulation analysis)
ë�©z[1]��Ü©�ýëêXe:

�©�{ëê: ��VÇCR=1.0, �ÏfF

=0.5,��VÇPinter =0.75,õ�ªCÉVÇPm =

1/n, n�ûüCþ�ê,õ�ªCÉ©Ùëêτ = 20.

PMg·A�{ëê: g·AÆα = 0.3,z��ü

Ñ���ÀJVÇpmin = 0.05.

C��©)�{ëê[4] : ��«+³NSs = {30,

60, 90, 120},l��«+¥ÀJI�)�VÇξ =

0.9,ÆS±ÏLP = 50.

,	,z�f�)O�I�)����ênr�«

+5�ØÓ
Cz,��nr = 0.01·N .

À�5�ÿÁ¼ê: ZDT1, ZDT2, ZDT3, ZDT6Ú

SCH.

4.1 ëëëêêê¯̄̄aaa555©©©ÛÛÛ(Parameter sensitivity analysis)

4.1.1 «««+++555���ééé���{{{���KKK���(Population size

impact)

��S�gêGmax =500,«+5�©O�N =

300, 600,L1ÀJÿÁ¼êZDT1, ZDT2ÚZDT3�ý

©Û«+5�é�{5U�K�,z�ÿÁ¼ê©O

�ý15g.

L1(J`²,ØZDT2�IGD��	,«+N =

600, IGD�þ����`uN = 300�þ�Ú��,

`²«+N = 600`z¼ê�IGD�3þ�NC�

©Ù'N = 300�þ�©Ù�é'�þ!,����
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êþ?��,�10−7½10−8,ü««+¼��Pareto

Ó`)3þ!5©ÙþNy�Ø´é²w,
þ��

�O�é��,êþ?�10−3,éParetoc÷�K��

�,Ïd,3ü8I`zO��,Ï~æ^N = 600«

+5�.

L 1 «+é�{5U�K�

Table 1 Population impact on the performance of

the algorithm

ÿÁ¼ê «+ þ� ��

300 3.896E− 3 3.399E− 7
ZDT1

600 2.663E− 3 1.473E− 7

300 3.245E− 3 9.077E− 8
ZDT2

600 2.102E− 3 1.543E− 7

300 3.246E− 3 2.325E− 6
ZDT3

600 2.039E− 3 5.394E− 7

4.1.2 SSS���gggêêêééé���{{{���KKK���(Iterations impact)

��«+�N =600,S�gê�Gmax = 300,

500,L2ÀJÿÁ¼êZDT2, ZDT3ÚZDT6�ý©Û

S�gêé�{5U�K�,z�ÿÁ¼ê©O�

ý15g.

L 2 S�gêé�{5U�K�

Table 2 Iterations impact on the performance of

the algorithm

ÿÁ¼ê S�gê þ� ��

300 1.996E− 3 2.1448E− 8
ZDT2

500 2.102E− 3 8.205E− 8

300 2.458E− 3 8.111E− 7
ZDT3

500 2.039E− 3 5.394E− 7

300 4.798E− 3 1.277E− 6
ZDT6

500 5.075E− 3 2.792E− 6

L2�(J`²S�gêO\, ZDT2ÚZDT6�5

U�Iëêþ�Ú���
O�,
ZDT3�5U�

Iëê�þ�Ú���XS�gê�O\þk�½

�Uõ. ù`²,éäNõ8I`z¼ê¦)Pareto�

`)�,3é$�(JK�Ø��cJe,�Uõ�

{�$��Ý,S�gê�·�N�.

lL1ÚL2�(J,�±uy,UC«+5�ÚS

�gêé�{5U�IëêþkK�.éØÓ�ÿÁ

¼ê,�·�N��{�«+ÚS�gê,éuü8

I`z¯K,Ï~��«+5�N = 600,S�g

êGmax = 500.

4.2 ���ýýý©©©ÛÛÛ(Simulation analysis)

�¦`z�8I¼ê�Paretoc÷�Ð�%Cý

¢c÷,8I¼ê�µ�300000g,¤±��«+5

�N = 600,��S�gêGmax = 500,Ù¦ëêØ

C.

À�5�ÿÁ¼ê: ZDT1, ZDT2, ZDT3, ZDT6Ú

SCH,òIGD[20]ÚC [3,21]��Ù5U�Iëê,z�

ÿÁ¼ê©O�ý15g. �²;õ8I�©?z�

{(MODE)ÚNSGA–II�{?1�ýé',`²�©

�{�k�5Ú�15. ��MODE�{ÚADEMO

/D-ENSäk�Ó��©ö���ëê,�©üÑ

ÀJ/DE/rand/10,�3«�{äk�Ó�S�g

êÚ«+5�. L3L«ADEMO /D-ENS(A)�{Ú

MODE(B)�{���C�Iëê.

L 3 C(A,B)5U�Iëê

Table 3 C(A,B) performance index parameter

ÿÁ¼ê C(A, B) C(B, A)

ZDT1 0.9867 0.0133

ZDT2 0.985 0.0133

ZDT3 0.9867 0.0317

ZDT6 0.9833 0.0117

SCH 0.9833 0.0117

L4L«ØÓ�{���ÿÁ¼êIGD5U�I

ëê,ã1−5�ADEMO/D-ENS(A)�{ÚMODE(B)

�{éÿÁ¼ê`z��Paretoc÷Úý¢Paretoc

÷,Ù¥, Pareto front 1L«ADEMO/D-ENS�{¼�

��`Paretoc÷, Pareto front 2L«MODE�{¼�

��`Paretoc÷.

L 4 S�gêé�{5U�K�

Table 4 Iterations impact on the performance of the algorithm

ADEMO/D-ENS�{ NSGA–II�{ MODE�{
ÿÁ¼ê

þ� �� þ� �� þ� ��

ZDT1 2.663E− 3 1.473E− 7 7.532E− 2 6.451E− 4 0.231 1.588E − 2

ZDT2 2.102E− 3 1.543E− 7 0.2354 1.985E− 3 0.148 5.162E − 3

ZDT3 2.039E− 3 5.394E− 7 0.7538 1.643E− 3 0.817 1.282E − 3

ZDT6 5.075E− 3 2.792E− 6 4.021 0.247 4.989E− 2 4.1665E − 4

SCH 1.028E− 2 3.813E− 6 1.457E− 2 2.036E− 3 0.576 0.3098
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L3`²MODE�{¼��Pareto)98%±þ�

ADEMO/D-ENS¼��Pareto)|�,
ADEMO

/D-ENS¼��Pareto)�MODE�{¼��Pareto

)|����'~=�3.17%;L4L²ÿÁ¼ê�

þ�Ú��`u²;�NSGA–II�{ÚMODE�

{�`z(J,Ó�,ÏLã1−5�é'�±wÑ,�

,ADEMO/D-ENS�{ÚMODE�{ÑU
Âñ

�ý¢Paretoc÷,�ADEMO/D-ENS�{���

Paretoc÷�õ�5Úþ!5þ`uMODE�{,

cÙéÿÁ¼êZDT1, ZDT2ÚZDT3�¦),`z

��Paretoc÷3ý¢Paretoc÷þ©Ù'�þ!,


ZDT6ÿÁ¼ê�`z(J©Ùþ!5�é��,

3f1∈(0.8, 1)���S�é8¥, SCHÿÁ¼ê�

`zParetoc÷3üà4:(J�é��,Ù¦Ü

©�(J�é�Ð.

ã 1 ZDT1ý¢c÷�ADEMO/D-ENSÚ

MODE`z�Paretoc÷

Fig. 1 ZDT1 true front and optimized Pareto front by

ADEMO/D-ENS and MODE

ã 2 ZDT2ý¢c÷�ADEMO/D-ENSÚ

MODE`z�Paretoc÷

Fig. 2 ZDT2 true front and optimized Pareto front by

ADEMO/D-ENS and MODE

ã 3 ZDT3ý¢c÷�ADEMO/D-ENSÚ

MODE`z�Paretoc÷

Fig. 3 ZDT3 true front and optimized Pareto front by

ADEMO/D-ENS and MODE

ã 4 ZDT6ý¢c÷�ADEMO/D-ENSÚ

MODE`z�Paretoc÷

Fig. 4 ZDT6 true front and optimized Pareto front by

ADEMO/D-ENS and MODE

ã 5 SCHý¢c÷�ADEMO/D-ENSÚ

MODE`z�Paretoc÷

Fig. 5 SCH true front and optimized Pareto front by

ADEMO/D-ENS and MODE

ã6−10��ÿÁ¼ê5U�IIGD�box-plot

ã�,Ø��Ý	�É~�,lã6−10�±wÑ,

ØSCH¼ê	, ADEMO/D-ENS�{`z���ÿ
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Á¼ê�IGD5U�I���þ310−3êþ?,'

XZDT1¼ê�Ýã¥����38.2621×10−3,�

���1.4304×10−7,
MODE�{���IGD5

U�I���30.3281,���31.4321×10−14.

ù`²ADEMO/D-ENS�{���IGD�Iäk

�Ð�©Ùþ!5,ù�<y
L4¥�(J.

Ïd,`²Ú²;�NSGA–II�{ÚMODE�

{�',�©JÑ�ADEMO/D-ENS�{U
¼�

©Ù5Úþ!5Ñ�Ð�Paretoc÷,U
éÐ�

)ûõ8I`z¯K.

4.3 üüüÑÑÑÀÀÀJJJVVVÇÇÇ(Strategy selection probability)

�©��4«�©üÑ|¤�©üÑ³,ã11−

15�z�ÿÁ¼ê3?zL§¥��©üÑÀJV

ÇCz­�,²Lõg�ýþy²S�gê��3

20��,¤küÑÀJVÇªu��,�
��Ù

�lã�þw�ÀJVÇCzª³,ÀJc100�

�VÇCz.

ã 6 ADEMO/D-ENSÚMODE�{`z�

ZDT1¼êIGD�I�Ýã

Fig. 6 IGD boxplot of optimized ZDT1 function by

ADEMO/D-ENS and MODE algorithm

ã 7 ADEMO/D-ENSÚMODE�{`z�

ZDT2¼êIGD�I�Ýã

Fig. 7 IGD boxplot of optimized ZDT2 function by

ADEMO/D-ENS and MODE algorithm

ã 8 ADEMO/D-ENSÚMODE�{`z�

ZDT3¼êIGD�I�Ýã

Fig. 8 IGD boxplot of optimized ZDT3 function by

ADEMO/D-ENS and MODE algorithm

ã 9 ADEMO/D-ENSÚMODE�{`z�

ZDT6¼êIGD�I�Ýã

Fig. 9 IGD boxplot of optimized ZDT6 function by

ADEMO/D-ENS and MODE algorithm

ã 10 ADEMO/D-ENSÚMODE�{`z�

SCH¼êIGD�I�Ýã

Fig. 10 IGD boxplot of optimized SCH function by

ADEMO/D-ENS and MODE algorithm

±ÿÁ¼êZDT1�üÑÀJVÇCz­��

~,©Û`²3�{?zL§¥,ÀJVÇ�Cz

�¹.ã11̀ ²ÿÁ¼êZDT13�{?zÐÏ,ü

Ñ1äk�p�ÀJVÇ,üÑ2�À¥�VÇ�
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�,318�,üÑ1�ÀJVÇCz���,üÑ

3�À¥�VÇ��,3111�m©,üÑ3Ú4�À

JVÇA���,üÑ2�ÀJVÇC¤��,��

125�±�,¤küÑäk���ÀJVÇ.l

ã12−15�±�ß�w�,Ù¦A�ÿÁ¼ê,3?

z�{ÐÏ,ØÓ��©üÑ�À¥�VÇ�É,

�3125�±�,¤kÿÁ¼ê�üÑÀJVÇª

u��.

ã 11 ZDT1�©üÑÀJVÇCz­�

Fig. 11 The curve of ZDT1 differential strategy selection

probability

ã 12 ZDT2�©üÑÀJVÇCz­�

Fig. 12 The curve of ZDT2 differential strategy selection

probability

ã 13 ZDT3�©üÑÀJVÇCz­�

Fig. 13 The curve of ZDT3 differential strategy selection

probability

ã 14 ZDT6�©üÑÀJVÇCz­�

Fig. 14 The curve of ZDT6 differential strategy selection

probability

ã 15 SCH�©üÑÀJVÇCz­�

Fig. 15 The curve of SCH differential strategy selection

probability

4.4 ������«««+++ÀÀÀJJJVVVÇÇÇ(Neighborhood size select-
ion probability)

�©ëì©z [4]��
4�ØÓ��5�|¤

��5�8ÜNSs={30, 60, 90, 120},ã16−20̀ ²

3�{?zL§¥��«+�À¥�VÇCzª³.
ã17̀ ²,3?zL§¥, ZDT1ÿÁ¼êÀJ

��«+30�VÇ�p, 120���«+äk�$

�ÀJVÇ,3�{?z�1461��,¤k��«

+äk�Ó�ÀJVÇ;ã18L², ZDT2¼ê3�

{ö�ÐÏ, 60���«+äk�p�ÀJVÇ,

120���«+©ªäk�$�ÀJVÇ,
ZDT3

ÚSCHÿÁ¼ê,3�{?zL§¥, 30���«

+©ªäk�$�ÀJVÇ,
ZDT33?z�c

150�, 120���«+äk�p�ÀJVÇ,3150

−350�Ïm, 60���«+äk�p�ÀJVÇ;

SCH¼ê3�110��, 60���«+ÀJVÇÄ

�30.2478−0.251�m,��1461�,¤k��«

+äk���ÀJVÇ.ã19̀ ²,3?z�{�

c300,Ø
ö�ÐÏ, 30���«+A�äk�$

�ÀJVÇ,3310−461�, 120���«+©ªä

k�p�ÀJVÇ, 461��,¤k��«+äk�
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��ÀJVÇ.lþãã�,�±�Ù�w�,¦+

?zL§¥���«+�ÀJVÇ�Ø�Ó,�þ

31461��,äk���ÀJVÇ.

ã 16 ZDT1��«+ÀJVÇCz­�

Fig. 16 The curve of ZDT1 neighborhood size selection

probability

ã 17 ZDT2��«+ÀJVÇCz­�

Fig. 17 The curve of ZDT2 neighborhood size selection

probability

ã 18 ZDT3��«+ÀJVÇCz­�

Fig. 18 The curve of ZDT3 neighborhood size selection

probability

ã 19 ZDT6��«+ÀJVÇCz­�

Fig. 19 The curve of ZDT6 neighborhood size selection

probability

ã 20 SCH��«+ÀJVÇCz­�

Fig. 20 The curve of SCH neighborhood size selection

probability

5 (((ØØØ(Conclusion)

�©JÑ
�«#L�õ8I`z�{—–

ADEMO/D-ENS,T�{KÜ
Äu��«+8�

©)�{Úg·A�©?z�{,¿æ^VÇg·

A��{ÀJ��«+��,Ä�N���«+�

��,÷v�{ØÓ|¢�ãI�ØÓ��«+�

�¦,����«+�Ï�{aÑÛÜ�`,��

��«+\¯�{�Âñ�Ý,
�`z¯KI�

�o����«+8�Ü·´�����\ïÄ

�¯K;Ó�æ^PM�{,l�©üÑ³¥g·

AÀJ�©CÉüÑ,÷v�{ØÓ|¢�ãI�

ØÓ�©üÑ��¦,O\
�1)�õ�5. Ó

�,ÏL�²;NSGA–II�{�E,Ýé',`²

ADEMO/D-ENS�{��mE,ÝÚ�mE,Ý

þ$uNSGA–II�{.

��y�©JÑ�{�k�5Ú�15,æ^


5�õ8I`zIOÿÁ¼ê,¿æ^CÚIGD
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5U�Iëêu�`z�Paretoc÷%Cý¢

Paretoc÷�§Ý,¿ÏLÚ²;�NSGA–II�{

ÚMODE�{é',`²ADEMO/D-ENSäk�p

�`z°Ý,���Paretò zc÷�%Cý¢�

Paretoc÷.
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